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Abstract Natural disasters, such as earthquakes, affect
thousands of people and can cause enormous financial loss.
Therefore, an efficient response immediately following a
natural disaster is vital to minimize the aforementioned
negative effects. This research paper presents a network
design model for humanitarian logistics which will assist in
location and allocation decisions for multiple disaster
periods. At first, a single-objective optimization model is
presented that addresses the response phase of disaster
management. This model will help the decision makers to
make the most optimal choices in regard to location,
allocation, and evacuation simultaneously. The proposed
model also considers emergency tents as temporary medi-
cal centers. To cope with the uncertainty and dynamic
nature of disasters, and their consequences, our multi-pe-
riod robust model considers the values of critical input data
in a set of various scenarios. Second, because of probable
disruption in the distribution infrastructure (such as
bridges), the Monte Carlo simulation is used for generating
related random numbers and different scenarios; the p-ro-
bust approach is utilized to formulate the new network. The
p-robust approach can predict possible damages along
pathways and among relief bases. We render a case study
of our robust optimization approach for Tehran’s plausible
earthquake in region 1. Sensitivity analysis’ experiments
are proposed to explore the effects of various problem
parameters. These experiments will give managerial
insights and can guide DMs under a variety of conditions.
Then, the performances of the ‘‘robust optimization’’
approach and the ‘‘p-robust optimization’’ approach are
evaluated. Intriguing results and practical insights are
demonstrated by our analysis on this comparison.
Keywords Humanitarian logistics  Robust optimization 
Location and allocation problems  p-robust optimization
Introduction
Prolonged and stressful situations, such as famine or
unexpected disasters, such as earthquakes and fatal dis-
eases, are known as humanitarian crises (Kress 2016).
Among humanitarian crises, earthquakes are one of the
most dangerous occurrences. The Kathmandu earthquake
in Nepal on April 26, 2015, produced a force equal to 20
thermonuclear weapons. The Izmit earthquake in Turkey
on August 17, 1997 displaced more than 300,000 people
from their homes. The Rudbar earthquake in Iran on June
21, 1990 destroyed 700 villages throughout the cities of
Rudbar, Manjill, and Lushan; the cost in damages was a
staggering $200,000,000. These are only few examples of
the worst earthquakes in Earth’s history. About 300 million
people are affected by earthquakes per year. In addition,
the annual costs of this natural disaster are about 0.17 of
the world’s GDP (Guha-Sapir 2014). Disaster management
provides powerful approaches to cope with humanitarian
crises. After the Indian Ocean tsunami on December 26,
2004, humanitarian logistics in disaster management
attracted researcher’s attention (Jahre et al. 2007) and the
vital role of logistics in humanitarian crises became was
undeniable (Christopher and Tatham 2014). For an effec-
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will require perfectly synthesized relationships between all
the players involved (Cozzolino 2012). However, logistics
services are expensive, and the estimates reveal that they
hover around 80 % of the total cost of disaster relief
(Wassenhove 2006). For instance, it has been calculated
that the logistical cost of the Nicaragua earthquake in 1792
was about 35 % of the country’s entire GDP.
Effective distribution of the first aid commodities,
medicals, and blood supplies, management of inventory
level of these products, evacuation, and transportation are
major provocations (Cozzolino 2012). For example,
earthquakes usually cause enough damage to some of the
transportation infrastructure that it often renders them
unusable and/or inaccessible. This creates varied chal-
lenges in regard to distribution and evacuation systems
(Ahmadi et al. 2015).
The latter mentioned instances demonstrate the com-
plexity of humanitarian logistics and the need for the per-
manent, yet ever evolving, implementation of an ingenious
design plan, and execution of logistics networks before,
during, and after natural disasters strike. Several factors
impact this complexity. Large demands for relief products
and related uncertainties are major problems (Lin 2010).
As long as disaster relief systems have a short life cycle,
time plays a significant role due to nature of rescue oper-
ations (Oloruntoba and Gray 2006). To address the
importance of time allocation throughout a rescue opera-
tion (Walton et al. 2011), speed is considered a high pri-
ority factor in elevating the flow of distribution and
evacuation operations. Another equally important factor is
the possible damage among relief bases and pathways that
may challenge the effectiveness of disaster efforts (Tzeng
et al. 2007). Last, but not least, is the factor that demand for
relief products after disasters exhibits a dynamic behavior.
During the first hours after a disaster hits, the affected areas
need more products and services, but the demand for these
products and services decreases as time elapses (Jab-
barzadeh et al. 2014).
According to the four phases of disaster management
(mitigation, preparedness, response, and recovery), the
proposed model in this study pertains to the preparedness
as well as the response phase. Therefore, in consideration
of the aforementioned uncertainty and dynamic nature of
humanitarian logistics, this study develops a dynamic
optimization model using a robust stochastic approach. The
model will determine the number of relief bases needed
and the optimal locations of these bases, and it guides the
decision-making process of distribution and evacuation
decisions during the response phase. Disaster affected
areas, relief bases, emergency tents, and hospitals are
considered key components in this research. The objective
of this network model is to minimalize the total cost of
disaster management by considering components, such as
fixed, transportation, inventory, and product shortages.
While our model has considered real situations, its design
will help decision makers to implement their choices of
location and allocation during the response phase of dis-
aster management.
The remainder of this paper is organized as follows:
• Section ‘‘Literature review’’ reviews optimization
research in humanitarian logistics.
• Section ‘‘Problem description’’ presents the considered
problems in two parts. In the first part, the robust model
is provided, and in the second part, the p-robust model
is shared. In addition, basic assumptions of the
proposed models are defined.
• Section ‘‘Computational result and discussion’’ reveals
the numerical results of both the models. In addition,
this section provides comparisons in performance
between the robust and p-robust model.
• Section ‘‘Conclusion and future research’’ offers con-
cluding remarks and gives some directions for future
research in this manner.
Literature review
Necessary commodities and materials should be delivered
immediately after an earthquake. An aid distribution plan is
essential to deliver necessary commodities, such as food,
medicine, provisions for sanitation, shelter, and water to
sustain human life and to administer the total costs. In
addition, injured people need to be transported to emer-
gency tents and hospitals in a timely fashion. In fact,
humanitarian logistics, as an efficient plan for aid distri-
bution and evacuation after earthquakes, can significantly
diminish the death rate and total operational costs.
Humanitarian logistics as a part of humanitarian aid and
disaster management has become an important area for
researchers. Jahre et al. (2007), Altay and Green (2006),
O¨zdamar and Ertem (2015), and Caunhye et al. (2012)
have provided overviews on humanitarian logistics. Our
literature on disaster relief is divided into two classifica-
tions: deterministic and uncertain models in humanitarian
logistics.
Deterministic programming in humanitarian
logistics
The study of disaster management originated with the
large-scale industrial and environmental disasters in the
1980s (Shrivastava et al. 1988). Logistics in providing the
most important types of commodities and services were the
main theme of the research during this period. A multi-
objective linear model that aims to minimize transportation
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cost and maximize the demand for food was proposed by
(Knott 1987). He developed a vehicle-routing model in his
next study which aimed to maximize the amount of
delivered food (Knott 1988). Barbarosog˘lu et al. (2002)
presented a hierarchical model in disaster relief using
helicopters for rescue operations during natural disasters.
Their research has helped DMs to make vehicle-routing
and transportation decisions during the response phase. An
emergency logistics model aimed to determine distribution
decisions of relief commodities was developed by O¨zda-
mar et al. (2004). They designed a multi-objective model
about relief delivery systems (Tzeng et al. 2007). The most
momentous factor in their research was enhancing the
performance of the distribution of relief materials. Their
model minimized total cost and travel time and maximized
the minimal satisfaction. In addition, Nolz et al. (2011)
established a multi-objective model for the response phase
to minimize the risk and total travel time and maximize the
coverage. They considered correlated and uncorrelated risk
measures to cope with both earthquake and flood risks.
Another multi-objective model which minimizes the total
unsatisfied demand and total travel time was developed by
Lin et al. (2011) that consider different types of vehicles
and relief commodities. Afshar and Haghani (2012) pro-
posed a single-objective model to schedule the flow of
commodities and locate facility positions. Their research
also considered the routing problem to increase effective
response. Finally, Barzinpour and Esmaeili 2014a devel-
oped a multi-objective relief chain location distribution
model for the preparedness phase of disaster management.
Their model aimed to maximize the coverage and mini-
mize total costs.
Some researchers applied transportation in different
ways. For some examples, Fiedrich et al. (2000) presented
a relief network to transport injured people and allocate
resources to them. In addition, a dynamic model to evac-
uate injured people and satisfy the demands of relief
commodities was introduced by Yi and O¨zdamar (2007).
Likewise, Yi and Kumar (2007), Ozdamar (2011), and
O¨zdamar and Demir (2012) proposed a mathematical
model for transporting injured people from affected areas
to medical centers and delivering relief commodities to
victims in the response phase.
Uncertainty programming in humanitarian logistics
Although dynamic multi-period and multi-period models
helped DMs during and after disasters, they did not capture
the uncertain nature of disasters. Many researchers started
considering this uncertainty in disaster relief planning in
their studies. Some of them used stochastic programming
to distribute relief commodities through probable
scenarios. Barbarosog˘lu and Arda (2004) used scenario
planning in a two-stage stochastic model for the response
phase of an earthquake. In addition, Jotshi et al. (2009)
used robust optimization to schedule routes for vehicles
after the disaster. To minimize the maximum rescue time
based on all scenarios, a robust model for a disaster net-
work with uncertainty in distances between nodes was
proposed by Ma et al. (2010). A stochastic optimization in
the preparedness phase of disaster management was pro-
posed to determine the storage locations of medical sup-
plies and requested inventory amounts for each type of
medical supply. Mete and Zabinsky (2010) and Salmero´n
and Apte (2010) proposed a two-stage stochastic pro-
gramming in preparedness and response phases. In the first
stage, they determined ‘‘aid-prepositioning’’ and the sec-
ond-stage specified distribution decisions. Another study
was done by Rawls and Turnquist (2010). They presented a
two-stage stochastic programing for location and distribu-
tion of emergency commodities under uncertain demand.
According to uncertainty in demand and the availability of
pathways and supply of relief commodities, Zhan and Liu
(2011) considered a location-allocation problem using
chance constraint programming to minimize expected tra-
vel time and unsatisfied demands. Najafi et al. (2013)
developed a multi-objective, multi-mode, multi-commod-
ity, and multi-period stochastic model to manage the
logistics of both commodities and injured people in the
earthquake response phase. Another robust disaster relief
logistics network with perishable commodities was pro-
posed by Rezaei-Malek et al. (2016) which used a scenario-
based robust stochastic approach. This research aimed to
determine the optimum location-allocation and distribution
plan, along with the best ordering policy for restocking
perishable commodities at the pre-disaster phase. Ahmadi
et al. (2015) presented a two-stage stochastic program
which was an operational location-routing problem (LRP)
and could be used after an earthquake in the response
phase. They tried to make vehicle-routing and distribution
decisions about a real situation. Finally, Tofighi et al.
(2016) developed a novel, two-stage scenario-based model
to determine the location of central warehouses and local
distribution centers. In addition, this research considered
the distribution plan and availability level of the trans-
portation network’s routes.
The above paragraphs show several models that have
been proposed for the preparedness and the response phase
of disaster management, but most of these models do not
consider unforeseen constraints and misassumptions that
DMs face in real disasters. For example, a variety of
vehicles are needed to evacuate the injured and to transport
relief commodities to affected areas. In addition, most of
the models do not consider possible disruptions in the
transportation system during earthquakes which challenge
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distribution and evacuation operations. In addition, most
models typically only utilize permanent facilities and
medical centers, however, during a real disaster, the
majority of injures could be treated in temporary centers,
such as emergency tents. Consequently, these temporary
medical posts will lower congestion and overcrowding in
permanent treatment centers. Hence, the previous model
research studies may be considered to be incomplete or
impractical during natural disasters.
We developed this research paper based on Barzin-
pour and Esmaeili (2014b) and Bozorgi-Amiri et al.
(2013). The model proposed in Bozorgi-Amiri et al.
(2013) does not consider the logistics of injures. How-
ever, we believe that one of the most important actions
taken during an earthquake occurrence is evacuating the
injured from the affected areas. In addition, they did not
consider the dynamic nature of disaster. As a result, this
model only heeded one time period. Nevertheless,
according to Jabbarzadeh et al. (2014), demands for
blood products and other commodities immediately fol-
lowing a disaster are higher than they are in later stages.
Therefore, a dynamic model should be developed to
solve this problem. Moreover, in real-world disasters and
rescue operations, Hilal Ahmar and other organizations
can use their temporary facilities in affected areas to
minimize total costs and to maximize effectiveness. In
Bozorgi-Amiri et al. (2013) scenarios that only utilize
permanent facilities, the results can be misleading.
Barzinpour and Esmaeili (2014b) introduced a multi-
objective relief chain model. Their research neither
considered the evacuation operation nor the dynamic
nature of natural disasters. Besides, inverse to our modus
operandi (Barzinpour and Esmaeili 2014b), it did not
consider the uncertain nature of natural disasters and
possible disruptions along pathways and among relief
bases. Finally, it is remarkable that both models neither
considered the medical centers (such as hospitals that
can facilitate life and death situations) nor different
types of vehicles to transport injured patients and relief
commodities.
Therefore, our three contributions of this study are
summarized as follows:
• Because of the uncertain nature of natural disasters
which causes a difficult situation for DMs during and
after disasters, we developed a model which considers
various sources of uncertainty.
• Developing a dynamic robust optimization model
which contemplates possible disruptions along path-
ways and among relief bases.
• Applying the model to a real-world disaster relief chain
devoted to the supply of relief commodities and blood
supplies to affected areas, and the evacuation of injured
people to medical centers.
Our model aims to determine the optimal number of
relief bases needed as well as the optimal locations of said
bases. In addition, it specifies the number and location of
emergency tents in affected areas that serve as temporary
triage and treatment centers and as distribution centers for
relief commodities. In addition, this model considers the
urgent transportation need of the injured to permanent
hospitals when necessary. The objective function in our
robust model minimizes total costs, such as fixed, trans-
portation, operation, and inventory. Moreover, we propose
a p-robust model which considers possible disruptions
along pathways and among relief bases using the Monte
Carlo simulation to generate random numbers and different
scenarios.
Problem description
To address Fig. 1, we consider four stages in this human-
itarian logistics network. The first stage shows relief bases,
the second one contains emergency tents, the third stage is
the set of affected areas, and the last stage consists of
Fig. 1 General plan of
humanitarian logistics
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hospitals. We must mention that the location of relief bases
is partly determined by their distances from the affected
areas and their maximum storage capacity for relief com-
modities and rescue vehicles. As long as they are under the
authority of Hilal Ahmar in Iran, relief bases will have
emergency tents, thus the total cost of this network is
significantly reduced by locating emergency tents in the
affected areas. These emergency tents provide triage, first
aid, and blood transfusions under normal conditions, but in
emergency situations, the injured should be carried to the
fourth stage hospitals. In this section, we provide our
mathematical models. First, we present a robust optimiza-
tion formulation and its related model that incorporates
different disaster scenarios for the values of critical input
data. Then, we introduce the p-robust model that incorpo-
rates different scenarios for possible disruptions after an
earthquake occurrence.
Robust model
Mulvey et al. 1995 introduced a robust optimization with
optimal design of the supply chain in the real world and
uncertain environments. By expressing the values of vital
input data in a set of scenarios, robust optimization tries to
approach the preferred risk aversion. This approach results
in a series of solutions that are less sensitive to the model
data from a scenario set. Two sets of variables act in this
approach control and design variables. The first set is
subject to adjustment once a specific realization of the data
is obtained. In the second set, design variables cannot be
adjusted once uncertain and random parameters are
observed. Constraints can be divided into two types as
well, namely structural and control constraints. Structural
constraints are typical linear programming constraints
which are free of uncertain parameters, while the coeffi-
cients of control constraints are subject to uncertainty.
Here, we formulate a robust optimization model for
distribution and evacuation in the disaster response phase.
This multi-period model determines the following deci-
sions at each period:
1. The number and location of relief bases;
2. The number of rescue vehicles in each relief base;
3. The number and location of emergency tents;
4. The quantity of relief commodities and blood supplies
which are transported to emergency tents;
5. The number of injured people that are carried to
hospitals.
Before introducing the mathematical model, we present
the following assumptions on this model:
1. Emergency tents can be moved at the end of each
stage.
2. Demand for relief commodities and blood supplies can
be satisfied by more than one emergency tent.
3. Distribution possibilities can be determined by experts
per scenario.
4. Each affected area may be served by either emergency
tents or relief bases.
With these assumptions, our dynamic model minimizes
total cost and determines the above decisions. We assume
that the first-stage parameters and decision variables, such
as fixed cost, are determined, because relief bases are
already in place long before the onset of a disaster. How-
ever, in the second stage, respect to the specific scenarios,
decision variables and some of their parameters are
uncertain, such as demand for each relief commodity in
each period.
The following notations are used to design the proposed
stochastic model:
Indices
I Set of affected areas indexed by i e {1, 2, …, I}
J Set of candidate locations for relief bases indexed by
j e {1, 2, …, J}
N Set of candidate locations for emergency tents indexed
by n, m e {1, 2, …, N}
P Set of required blood supplies indexed p e {1, 2,…, P}
Q Set of required commodities indexed q e {1, 2,…, Q}
Z Set of required drugs indexed by z e {1, 2, …, Z}
K Set of hospitals indexed by k e {1, 2, …, K}
L Set of rescue vehicles indexed by ‘ e {1, 2, …, L}
T Set of time periods indexed by t e {1, 2, …, T}
S Set of disaster scenarios indexed by s e {1, 2, …, S}
Parameters
fj Fixed cost of locating an emergency tent belongs to
relief base j
f 0j Fixed costs of locating a relief base at location j
Bstnm Cost of moving an emergency tent from location
m to location n in period t under scenario s
btsz Unit operational cost of equipping an emergency
tent with drug z in period t under scenario s
b0tsp Unit operational cost of equipping an emergency
tent with blood supply p in period t under scenario s
b00tsl Unit operational cost of equipping a relief base
with rescue vehicle ‘ in period t under scenario s
b000tsq Unit operational cost of equipping a relief base
with commodity q in period t under scenario s
Wtsz Unit transportation cost of drug z in period t under
scenario s
W 0tsp Unit transportation cost of blood supply p in period
t under scenario s
W 00tsl Unit transportation cost of rescue vehicle ‘ in
period t under scenario s
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W 000tsq Unit transportation cost of commodity q in period
t under scenario s
r Coverage radius of emergency tents
r0q Coverage radius of relief bases for commodity q
djn Distance between relief base j and emergency tent
n
din Distance between affected area i emergency tent n
dij Distance between affected area i and relief base j
dik Distance between affected area i and hospital k
hz Unit holding cost of drug z in an emergency tent
h0p Unit holding cost of blood supply p in an
emergency tent
h000q Unit holding cost of commodity q in a relief base
Czj Initial inventory of drug z in relief base j
C0pj Initial inventory of blood supply p in relief base j
ps Probability of scenario s occurrence
Ttsi Available time to finish rescue operations at
affected area i in period t under scenario s
kjl Increasing in coverage radius of relief base j by
adding one more rescue vehicle ‘
Vl Average velocity of rescue vehicle ‘
gl Capacity of rescue vehicle ‘
M A very large number
Uz Capacity of an emergency tent for drug z
U0p Capacity of an emergency tent for blood supply p
U000q Capacity of an emergency tent for commodity q
mj Available emergency tents in relief base j
Dtsiz Demand of affected area i for drug z in period
t under scenario s
D0tsip Demand of affected area i for blood supply p in
period t under scenario s
D00tsi Number of injured people at affected area i in
period t under scenario s
D000tsiq Demand affected area i for commodity q in period
t under scenario s
Decision variables
Aj If a relief base is located at site j equal to 1,
otherwise 0
gtsjlik If rescue vehicle ‘ from relief base j is assigned to
affected area i and hospital k in period t and under
scenario s equal to 1, otherwise 0
A0 tsjqi If relief base j is assigned to affected area i to cover
demand of commodity q in period t under scenario
s equal to 1, otherwise 0
A00tsjqi Quantity of commodity q transported from relief
base j to affected area i in period t under scenario s
Stsjl Coverage radius of rescue vehicle ‘ at relief base j in
period t under scenario s
xtsnj If an emergency tent belongs to relief base j is
located at site n in period t under scenario s equal to
1, otherwise 0
Ztsnmj If an emergency tent from relief base j is located at
location m in period t - 1 and moves to location
n in period t under scenario s equal to 1, otherwise 0
x0tsnjzi If an emergency from relief base j at point n is
assigned to affected area i to cover demand of drug
z in period t under scenario s equal to 1, otherwise 0
x00tsnjzi Quantity of drug z transported from emergency tent
n, belongs to relief base j, to affected area i in period
t under scenario s
y0tsnjpi If an emergency from relief base j at point n is
assigned to affected area i to cover demand of blood
supply p in period t under scenario s equal to 1,
otherwise 0
y00tsnjpi Quantity of blood supply p transported from
emergency tent n, belongs to relief base j, to
affected area i in period t under scenario s
Itsnjz Inventory level of drug z at emergency tent n which
belongs to relief base j at the end of period t under
scenario s
I0tsnjp Inventory level of blood supply p at emergency tent
n which belongs to relief base j at the end of period
t under scenario s
I000tsjq Inventory level of commodity q at relief base j at the
end of period t under scenario s
dtsiz Unsatisfied demand of drug z at affected area i in
period t under scenario s
d0tsip Unsatisfied demand of blood supply p at affected
area i in period t under scenario s
d00tsi Uncovered injuries at affected area i in period
t under scenario s
d000tsiq Unsatisfied demand of commodity q at affected area
i in period t under scenario s
Now, we formulate a multi-period, robust network based
on Mulvey et al. (1995). The objective function of the
proposed model consists of five components:
The fixed cost of locating relief bases and emergency
tents (FCs), the cost of moving emergency tents (VCs), the
operational cost of supplying relief commodities, blood
supplies and rescue vehicles (OCs), the transportation cost
for distributing and evacuating (TCs), and inventory cost
















































































































































































































































xt1snj 8n 2 N;






xtsnjmj 8j 2 J; 8t 2 T ; 8s 2 S ð9Þ
dinx
0ts
injzi r 8z 2 Z; 8j 2 J; 8n 2 N; 8i 2 I;
8t 2 T ; 8s 2 S ð10Þ
diny
0ts
injpi r 8p 2 P; 8j 2 J; 8n 2 N; 8i 2 I;




















































8i 2 I; 8p 2 P; 8t 2 T; 8s 2 S
ð14Þ






8n 2 N; 8j 2 J; 8i 2 I;







8n 2 N; 8j 2 J; 8i 2 I;
8p 2 P; 8t 2 T ; 8s 2 S
ð17Þ
x00tsnjziM x0tsnjzi 8n 2 N; 8z 2 Z; 8j 2 J; 8i 2 I;
8t 2 T ; 8s 2 S
ð18Þ
y00tsnjpiM y0tsnjpi 8n 2 N; 8p 2 P; 8j 2 J; 8i 2 I;


















x00tsnjziCzj 8z 2 Z; 8j 2 J; 8t 2 T; 8s 2 S
ð22Þ
ItsnjzUz 8j 2 J; 8z 2 Z; 8n 2 N; 8t 2 T ;
8s 2 S ð23Þ
I0tsnjpU0p 8j 2 J; 8p 2 P; 8n 2 N; 8t 2 T;









jqi rq 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ;
8s 2 S ð26Þ
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A0tsjqiAj 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ; 8s 2 S
ð27Þ
A00tsjqi MA0tsjqi 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ;
8s 2 S ð28Þ
X
j2J






gtsjlik 8j 2 J; 8l 2 L; 8t 2 T ; 8s 2 S
ð30Þ
gtsjlikdij Stsjl 8j 2 J; 8l 2 L; 8i 2 I; 8k 2 K;
8t 2 T ; 8s 2 S ð31Þ






































8q 2 Q; 8t 2 T; 8s 2 S
ð36Þ
I000tsjq U000q 8q 2 Q; 8j 2 J; 8t 2 T ; 8s 2 S ð37Þ




ps0 ðFCs0 þ VCs0 þ OCs0 þ TCs0 þ ICs0 Þ þ hs 0
8s 2 S
ð38Þ
Aj 2 f0; 1g 8j 2 J ð39Þ
gtsjlik 2 f0; 1g 8l 2 L; 8k 2 K; 8j 2 J; 8i 2 I;
8j 2 J; 8t 2 T; 8s 2 S
ð40Þ
A0tsjqi 2 f0; 1g 8j 2 J; 8q 2 Q; 8i 2 I; 8t 2 T;
8s 2 S
ð41Þ
y0tsnjpi 2 f0; 1g 8i 2 I; 8n 2 N; 8j 2 J; 8p 2 P;
8t 2 T ; 8s 2 S
ð42Þ
y00tsjq 2 f0; 1g 8j 2 J; 8q 2 Q; 8t 2 T ; 8s 2 S
ð43Þ
y000tsqk 2 f0; 1g 8q 2 Q; 8k 2 K; 8t 2 T; 8s 2 S
ð44Þ
xtsnk 2 f0; 1g 8n 2 N; 8k 2 K; 8t 2 T ; 8s 2 S
ð45Þ
x0tsnjzi 2 f0; 1g 8z 2 Z; 8i 2 I; 8n 2 N; 8j 2 J;
8t 2 T ; 8s 2 S
ð46Þ
Ztsnmk 2 f0; 1g 8k 2 K; 8n 2 N; 8m 2 N; 8t 2 T ;
8s 2 S
ð47Þ
Stsjl  0 8j 2 J; 8l 2 L; 8t 2 T; 8s 2 S ð48Þ
x00tsnjzi 0 8n 2 N; 8j 2 J; 8i 2 I; 8z 2 Z; 8t 2 T;
8s 2 S
ð49Þ
y00tsnjpi 0 8n 2 N; 8j 2 J; 8i 2 I; 8p 2 P;
8t 2 T ; 8s 2 S ð50Þ
Itsnkz 0 8z 2 Z; 8n 2 N; 8k 2 K; 8t 2 T ;
8s 2 S ð51Þ
I0tsnkp 0 8p 2 P; 8n 2 N; 8k 2 K; 8t 2 T;
8s 2 S ð52Þ
I000tsjq  0 8z 2 Z; 8n 2 N; 8k 2 K; 8t 2 T ;
8s 2 S ð53Þ
A00tsjqi  0 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T; 8s 2 S
ð54Þ
dtsiz 0 8i 2 Z; 8z 2 Z; 8t 2 T ; 8s 2 S ð55Þ
d0tsip  0 8i 2 I; 8p 2 P; 8t 2 T ; 8s 2 S ð56Þ
d00tsi  0 8i 2 I; 8t 2 T; 8s 2 S ð57Þ
d0tsiq  0 8i 2 I; 8q 2 Q; 8t 2 T; 8s 2 S: ð58Þ
Objective function Eq. (6) minimizes the total cost. The
first part of Eq. (6) is the expected value of the total cost in
the both stages. The second part of this equation is related
to the total cost variability and the last term calculates the
penalty of infeasibility. Equation (7) guarantees that
utmost one emergency tent can be located in each node.
Equation (8) shows that emergency tents cannot move
from a location where no emergency tent has been located
in the last period. Equation (9) clarifies the capacity of
emergency tents for each relief base. Equations (10), (11),
(26), and (31) enforce coverage radius restrictions. Equa-
tion (12) illustrates how an emergency tent can be located
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on or moved from a node. Equations (13), (14), (35), and
(36) determine the inventory level of relief commodities
and blood supplies and the under-fulfillment of relief
commodity and blood demand. Equation (15) guarantees
that emergency tents can only be assigned to open relief
bases. Equations (16) and (17) ensure that relief com-
modities or blood supplies in emergency tents can be
transported to affected areas if and only if they have been
located. Equations (18) and (19) explain that the relief
commodities and blood supplies given by a relief base
cannot be transported from an emergency tent which is not
assigned to that relief base. Equations (20), (21), and (34)
assert that demand for each relief commodity, blood sup-
ply, and evacuation operation must be satisfied at least
partially. Equations (22) and (25) determine available
relief commodities and blood supplies at relief bases.
Equation (23) and (24) limit the inventory level of relief
commodities and blood supplies at emergency tents.
Equation (27) explains that drugs can be distributed in
affected areas if and only if those areas are assigned to
open relief bases. Equation (28) clarifies that drugs given
by a relief base cannot be transported to an affected area if
it is not assigned to that relief base. Equation (29) ensures
that demand for drugs should be satisfied at least partially.
Equation (30) determines the radius coverage of each relief
base during the evacuation operation. Equation (31)
ensures that evacuations must be completed in specific time
frames. Equation (32) shows evacuations can be started if
the operation is assigned to an open relief base. Equa-
tion (37) expresses the capacity of drug storage at each
relief base. Equation (38) acts as an auxiliary equation of
the robust model which linearizes the proposed model.
Equation (39) through Eq. (58) define binary and positive
decision variables.
p-robust model
In the previous section, we presented a robust humanitarian
logistics network which determines location and distribu-
tion decisions for the preparedness and response phases in
disaster management. Now, we will complete this model to
be more practical in a real-world situation. As stated in the
previous section, many studies, such as Barzinpour and
Esmaeili (2014b), assume that facility locations and path-
ways remain unaffected during a disaster; however, it is
obvious that these sites may be located on fault lines.
Consequently, these sites may be gravely affected during
an earthquake. Therefore, we use the Monte Carlo simu-
lation to generate scenarios to challenge possible disruption
of pathways and damage to relief bases after an earthquake
hits. After that, p-robust programming will be applied to
formulate these possible occurrences.
We assume that two different events can occur after an
earthquake: relief base and pathway disruption. Based on
the Monte Carlo simulation and generating random data,
we can determine different scenarios related to possible
damages. The method of generating scenarios for affected
sites is shown in Fig. 2. This flow chart generates different
scenarios which are used in the p-robust model. For
example, in a given scenario, it determines that the path-
way between relief base 2 and affected area 3 will be
disrupted. By considering all scenarios and all possible
damages along pathways and among relief bases, we will
have new problems which can be formulated by p-robust
optimization.
To introduce the robust measure, we use in this section,
let E be a set of scenarios which are derived by the Monte
Carlo simulation. Let (p0e) be a deterministic (i.e., single-
scenario) minimization problem, indexed by the scenario
index e. (That is, for each scenario e [ E, there is a different
problem (p0e)). The structure of these problems is identical;
only the data are different. For each e, let PRe be the
optimal objective value for (p0e); we assume PR

e[ 0 for all
e. The notion of p-robustness was first introduced in the
context of facility layout (Kouvelis, Kurawarwala, and
Gutierrez 1992) and used subsequently in the context of an
international sourcing problem (Gutierrez and Kouvelis
1995) and a network design problem (Gutie´rrez 1996).
Let P C 0 be a constant. Let X be a feasible solution to
(p0e) for all e [ E, and let PR

e (X) be the objective value of
problem (p0e) under solution x. x is called p-robust if for all
e [ E,
PRe Xð Þ  PRe ð1þ p0ÞPRe : ð59Þ
The left-hand side of the equation above is the relative
regret for scenario e; the absolute regret is given by
PRe Xð Þ  PRe .
According to the given explanation, some variables
must be changed as listed below:
gtsejlik If rescue vehicle ‘ from relief base j is assigned to
affected area i and hospital k in period t and under
scenario s and scenario e equal to 1, otherwise 0
A0tsejqi If relief base j is assigned to affected area i to cover
demand of commodity q in period t under scenario
s and scenario e equal to ‘, otherwise 0
A00tsejqi Quantity of commodity q transported from relief
base j to affected area i in period t under scenario
s and scenario e
Stsejl Coverage radius of rescue vehicle ‘ at relief base
j in period t under scenario s and scenario e
xtsenj If an emergency tent belongs to relief base j which
is located at site n in period t under scenario s and
scenario e equal to 1, otherwise 0
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Ztsenmj If an emergency tent from relief base j is located at
location m in period t - 1 and moves to location
n in period t under scenario s and scenario e equal
to 1, otherwise 0
x0tsenjzi If an emergency from relief base j at point n is
assigned to affected area i to cover demand of drug
z in period t under scenario s and scenario e equal to
1, otherwise 0
x00tsenjzi Quantity of transported drug z at emergency tent
n from relief base j to affected area i in period
t under scenario s and scenario e
y0tsenjpi If an emergency from relief base j at point n is
assigned to affected area i to cover demand of
blood supply p in period t under scenario s and
scenario e equal to 1, otherwise 0
y00tsenjpi Quantity of blood supply p transported from
emergency tent n, belongs to relief base j, to
affected area i in period t under scenario s and
scenario e
Itsenjz Inventory level of drug z at emergency tent n which
belongs to relief base j at the end of period t under
scenario s and scenario e
I0tsenjp Inventory level of blood supply p at emergency tent
n which belongs to relief base j at the end of period
t under scenario s and scenario e
I000tsejq Inventory level of commodity q at relief base j at
the end of period t under scenario s and scenario e
dtseiz Unsatisfied demand of drug z at affected area i in
period t under scenario s and scenario e
d0tseip Unsatisfied demand of blood supply p at affected
area i in period t under scenario s and scenario e
d00tsei Uncovered injured people at affected area i in
period t under scenario s and scenario e
d000tseiq Unsatisfied demand of commodity q at affected
area i in period t under scenario s and scenario e
For each scenario (E) optimum value of objective
function regard to model 2 must be calculated. Model 2 is
described as follows:
Min
Fig. 2 Monte Carlo simulation
flow chart to generate disruption
scenarios
126 J Ind Eng Int (2017) 13:117–141
123
Xs2S







































































xt1senj 8n 2 N;










injzi r 8z 2 Z; 8j 2 J; 8n 2 N; 8i 2 I;
8t 2 T ; 8s 2 S; 8e 2 E ð64Þ
diny
0tse
injpi r 8p 2 P; 8j 2 J; 8n 2 N; 8i 2 I;




















































8i 2 I; 8p 2 P; 8t 2 T; 8s 2 S; 8e 2 E
ð68Þ
xtsenj MAj 8n 2 N; 8j 2 J; 8t 2 T ; 8s 2 S;






8n 2 N; 8j 2 J; 8i 2 I;







8n 2 N; 8j 2 J; 8i 2 I;
8p 2 P; 8t 2 T ; 8s 2 S; 8e 2 E
ð71Þ
x00tsenjzi M x0tsenjzi 8n 2 N; 8z 2 Z; 8j 2 J; 8i 2 I;
8t 2 T ; 8s 2 S
ð72Þ
y00tsenjpi M y0tsenjpi 8n 2 N; 8p 2 P; 8j 2 J; 8i 2 I;



















x00tsenjzi Czj 8z 2 Z; 8j 2 J; 8t 2 T; 8s 2 S;
8e 2 E
ð76Þ
Itsenjz Uz 8j 2 J; 8z 2 Z; 8n 2 N; 8t 2 T;
8s 2 S; 8e 2 E ð77Þ
I0tsenjp U0p 8j 2 J; 8p 2 P; 8n 2 N; 8t 2 T;










jqi  rq 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ;
8s 2 S; 8e 2 E ð80Þ
A0tsejqi Aj 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ;
8s 2 S; 8e 2 E ð81Þ
A00tsejqi MA0tsejqi 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ;












gtsejlik 8j 2 J; 8l 2 L; 8t 2 T ;
8s 2 S; 8e 2 E
ð84Þ
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gtsejlikdij Stsejl 8j 2 J; 8l 2 L; 8i 2 I; 8k 2 K;
8t 2 T ; 8s 2 S; 8e 2 E ð85Þ
gtsejlik Aj 8j 2 J; 8l 2 L; 8i 2 I; 8k 2 K; 8s 2 T ;




jlik  Ttsi Vl 8j 2 J; 8l 2 L; 8i 2 I; 8t 2 T;
















gtsejlikgl þ d00tsei ¼ D00tsi 8i 2 I; 8t 2 T ;
















8q 2 Q; 8t 2 T; 8s 2 S; 8e 2 E
ð90Þ
I000tsejq U000q 8q 2 Q; 8j 2 J; 8t 2 T ; 8s 2 S;
8e 2 E ð91Þ




ps0 ðFCs0e þ VCs0e þ OCs0e þ TCs0e þ ICs0eÞ
þ hs 0 8s 2 S; 8e 2 E ð92Þ
Aj 2 f0; 1g 8j 2 J ð93Þ
gtsejlik 2 f0; 1g 8l 2 L; 8k 2 K; 8j 2 J; 8i 2 I;
8j 2 J; 8t 2 T; 8s 2 S; 8e 2 E ð94Þ
A0tsejqi 2 f0; 1g 8j 2 J; 8q 2 Q; 8i 2 I; 8t 2 T;
8s 2 S; 8e 2 E ð95Þ
y0tsenjpi 2 f0; 1g 8i 2 I; 8n 2 N; 8j 2 J; 8p 2 P;
8t 2 T ; 8s 2 S; 8e 2 E ð96Þ
y00tsejq 2 f0; 1g 8j 2 J; 8q 2 Q; 8t 2 T ; 8s 2 S; 8e 2 E
ð97Þ
y000tseqk 2 f0;1g 8q 2 Q; 8k 2 K; 8t 2 T; 8s 2 S; 8e 2 E
ð98Þ
xtsenk 2 f0; 1g 8n 2 N; 8k 2 K; 8t 2 T ; 8s 2 S; 8e 2 E
ð99Þ
x0tsenjzi 2 f0; 1g 8z 2 Z; 8i 2 I; 8n 2 N; 8j 2 J;
8t 2 T ; 8s 2 S; 8e 2 E
ð100Þ
Ztsenmk 2 f0; 1g 8k 2 K; 8n 2 N; 8m 2 N; 8t 2 T ;
8s 2 S; 8e 2 E
ð101Þ
Stsejl  0 8j 2 J; 8l 2 L; 8t 2 T ; 8s 2 S; 8e 2 E
ð102Þ
x00tsenjzi  0 8n 2 N; 8j 2 J; 8i 2 I; 8z 2 Z;
8t 2 T ; 8s 2 S; 8e 2 E ð103Þ
y00tsenjpi  0 8n 2 N; 8j 2 J; 8i 2 I; 8p 2 P;
8t 2 T ; 8s 2 S; 8e 2 E ð104Þ
Itsenkz 0 8z 2 Z; 8n 2 N; 8k 2 K; 8t 2 T ;
8s 2 S; 8e 2 E ð105Þ
I0tsenkp  0 8p 2 P; 8n 2 N; 8k 2 K; 8t 2 T ;
8s 2 S; 8e 2 E ð106Þ
I000tsejq  0 8z 2 Z; 8n 2 N; 8k 2 K; 8t 2 T ;
8s 2 S; 8e 2 E ð107Þ
A00tsejqi  0 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ; 8s 2 S;
8e 2 E
ð108Þ
dtseiz  0 8i 2 Z; 8z 2 Z; 8t 2 T ; 8s 2 S; 8e 2 E
ð109Þ
d0tseip  0 8i 2 I; 8p 2 P; 8t 2 T; 8s 2 S; 8e 2 E
ð110Þ
d00tsei  0 8i 2 I; 8t 2 T; 8s 2 S; 8e 2 E ð111Þ
d0tseiq  0 8i 2 I; 8q 2 Q; 8t 2 T ; 8s 2 S; 8e 2 E:
ð112Þ
Equation (60) through Eq. (112) do the same as Eq. (6)
through Eq. (58).
Model 2 is solved for each scenario, and the optimum
value of our objective function which is named PRe will be
calculated. According to the p-robust method, the effect of
each scenario must be involved in the optimum structure of
the humanitarian logistics network. Therefore, Model 3 is
used to build the network.












































































xt1senj 8n 2 N;










injzi r 8z 2 Z; 8j 2 J; 8n 2 N; 8i 2 I;




injpi r 8p 2 P; 8j 2 J; 8n 2 N; 8i 2 I;





















































8i 2 I; 8p 2 P; 8t 2 T; 8s 2 S; 8e 2 E
ð121Þ
xtsenj MAj 8n 2 N; 8j 2 J; 8t 2 T ; 8s 2 S;






8n 2 N; 8j 2 J; 8i 2 I;







8n 2 N; 8j 2 J; 8i 2 I;
8p 2 P; 8t 2 T ; 8s 2 S; 8e 2 E
ð124Þ
x00tsenjzi M x0tsenjzi 8n 2 N; 8z 2 Z; 8j 2 J; 8i 2 I;
8t 2 T ; 8s 2 S
ð125Þ
y00tsenjpi M y0tsenjpi 8n 2 N; 8p 2 P; 8j 2 J; 8i 2 I;



















x00tsenjzi Czj 8z 2 Z; 8j 2 J; 8t 2 T; 8s 2 S;
8e 2 E
ð129Þ
Itsenjz Uz 8j 2 J; 8z 2 Z; 8n 2 N; 8t 2 T;
8s 2 S; 8e 2 E ð130Þ
I0tsenjp U0p 8j 2 J; 8p 2 P; 8n 2 N; 8t 2 T;










jqi  rq 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ;
8s 2 S; 8e 2 E
ð133Þ
A0tsejqi Aj 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ;
8s 2 S; 8e 2 E ð134Þ
A00tsejqi MA0tsejqi 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ;
8s 2 S; 8e 2 E
ð135Þ
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gtsejlik 8j 2 J; 8l 2 L; 8t 2 T ;
8s 2 S; 8e 2 E
ð137Þ
gtsejlikdij Stsejl 8j 2 J; 8l 2 L; 8i 2 I; 8k 2 K;
8t 2 T ; 8s 2 S; 8e 2 E
ð138Þ
gtsejlik Aj 8j 2 J; 8l 2 L; 8i 2 I; 8k 2 K; 8s 2 T ;




jlik  Ttsi Vl 8j 2 J; 8l 2 L; 8i 2 I; 8t 2 T;
















gtsejlikgl þ d00tsei ¼ D00tsi 8i 2 I; 8t 2 T ;
















8q 2 Q; 8t 2 T; 8s 2 S; 8e 2 E
ð143Þ
I000tsejq U000q 8q 2 Q; 8j 2 J; 8t 2 T ; 8s 2 S;
8e 2 E
ð144Þ




ps0 ðFCs0e þ VCs0e þ OCs0e þ TCs0e þ ICs0eÞ
þ hs 0






















kp ð1þ p0ÞPRe 8e 2 E=f0g
ð146Þ
Aj 2 f0; 1g 8j 2 J ð147Þ
gtsejlik 2 f0; 1g 8l 2 L; 8k 2 K; 8j 2 J; 8i 2 I;
8j 2 J; 8t 2 T; 8s 2 S; 8e 2 E ð148Þ
A0tsejqi 2 f0; 1g 8j 2 J; 8q 2 Q; 8i 2 I; 8t 2 T;
8s 2 S; 8e 2 E ð149Þ
y0tsenjpi 2 f0; 1g 8i 2 I; 8n 2 N; 8j 2 J; 8p 2 P;
8t 2 T ; 8s 2 S; 8e 2 E
ð150Þ
y00tsejq 2 f0; 1g 8j 2 J; 8q 2 Q; 8t 2 T; 8s 2 S;
8e 2 E
ð151Þ
y000tseqk 2 f0; 1g 8q 2 Q; 8k 2 K; 8t 2 T ; 8s 2 S;
8e 2 E
ð152Þ
xtsenk 2 f0; 1g 8n 2 N; 8k 2 K; 8t 2 T ; 8s 2 S;
8e 2 E
ð153Þ
x0tsenjzi 2 f0; 1g 8z 2 Z; 8i 2 I; 8n 2 N; 8j 2 J;
8t 2 T ; 8s 2 S; 8e 2 E
ð154Þ
Ztsenmk 2 f0; 1g 8k 2 K; 8n 2 N; 8m 2 N; 8t 2 T ;
8s 2 S; 8e 2 E
ð155Þ
Stsejl  0 8j 2 J; 8l 2 L; 8t 2 T ; 8s 2 S; 8e 2 E
ð156Þ
x00tsenjzi  0 8n 2 N; 8j 2 J; 8i 2 I; 8z 2 Z;
8t 2 T ; 8s 2 S; 8e 2 E ð157Þ
y00tsenjpi  0 8n 2 N; 8j 2 J; 8i 2 I; 8p 2 P;
8t 2 T ; 8s 2 S; 8e 2 E ð158Þ
Itsenkz 0 8z 2 Z; 8n 2 N; 8k 2 K; 8t 2 T ;
8s 2 S; 8e 2 E ð159Þ
I0tsenkp  0 8p 2 P; 8n 2 N; 8k 2 K; 8t 2 T ;
8s 2 S; 8e 2 E ð160Þ
I000tsejq  0 8z 2 Z; 8n 2 N; 8k 2 K; 8t 2 T ;
8s 2 S; 8e 2 E ð161Þ
A00tsejqi  0 8q 2 Q; 8j 2 J; 8i 2 I; 8t 2 T ; 8s 2 S;
8e 2 E
ð162Þ
dtseiz  0 8i 2 Z; 8z 2 Z; 8t 2 T ; 8s 2 S; 8e 2 E
ð163Þ
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d0tseip  0 8i 2 I; 8p 2 P; 8t 2 T; 8s 2 S; 8e 2 E
ð164Þ
d00tsei  0 8i 2 I; 8t 2 T; 8s 2 S; 8e 2 E ð165Þ
d0tseiq  0 8i 2 I; 8q 2 Q; 8t 2 T ; 8s 2 S; 8e 2 E:
ð166Þ
Equation (149) explains the p-robust criterion, so that
for each scenario, the cost may not be more than
100% ð1þ p0Þ of its optimal cost that is PRe (value of p0 is
relative to the necessity of its scenario). Other equations
are the same as the aforementioned equations in the robust
model.
Computational result and discussion
The Bam earthquake on December 26, 2003, The Manjil–
Rudbar earthquake on June 20, 1990 and other examples
show that earthquakes have always been known to be the
most devastating disasters in Iran among other natural
Fig. 3 Located hospitals and potential locations of relief bases
Table 1 Capacities of relief
commodities, blood supply,
drugs, and emergency tents for
each potential relief base
Relief base Relief commodity package Blood Drugs Emergency tent
Water Food Shelter Type1 Type 2
1 50 40 35 40 50 50 10
2 50 50 38 50 50 50 18
3 48 37 48 35 50 50 10
4 54 46 50 55 50 50 15
5 70 60 40 60 50 50 20
Table 2 Fixed cost of each potential relief base and its capacity for
rescue vehicles
Relief base Fixed cost (103) Capacity of rescue vehicles
Type 1 Type 2 Type 3
1 50 10 6 1
2 55 12 6 2
3 60 9 4 1
4 55 8 7 1
5 70 13 10 3





Capacity Increasing the coverage
radius (km)
1 70 2 0.3
2 60 7 0.5
3 180 4 1
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disasters. This is true because of the geographical location
of Iran, and because 90 percent of Iran is located on faults.
For example, Tehran, as a strategic city in Iran, has always
been exposed to such disasters. Regarding earthquakes,
Tehran is considered a dangerous region (8–10 Mercalli
scales). The fault in the northern region of Tehran is the
biggest fault line of the city. It is located in the south
foothills of the Alborz Range and to the north of Tehran.
This fault starts in Lashkarak and Sohanak, continues in
Farahzad and Hesarak, and continues towards the west.
This fault encompasses Niavaran, Tajrish, Zaferanieh,
Elahieh, and Farmanieh along its path. The necessity of
attending to crisis management is clearly an issue with
regard to the dangerous and risky situations in Tehran
(Sabzehchian et al. 2006). According to Nateghi-A (2001),
a 0.35 g scenario in Tehran would collapse about 640,000
domiciles out of 1,100,000, and about 1,450,000 people
would be killed, and about 4,330,000 would suffer injuries.
Case description
In this section, we propose a case study in a district of
Tehran to show the effectiveness of our robust and p-robust
models. Figure 3 demonstrates district 1 in Tehran, and it
also shows locations of hospitals and potential locations of
relief bases in this district.
According to this case study, we consider two periods,
three hospitals, ten potential relief bases, and ten demand
points that are widespread over this district. To cope with
possible earthquakes, three types of relief commodities
(water, food, and shelter) are considered in this case study.
In addition, we consider just one blood supply and two
types of drugs both of which are painkillers.
Based on the advice of disaster planners and historical
records, we considered five scenarios, S1, S2, S3, S4, and S5.
Demands for products and services under the 4th and 5th
scenarios are more than other scenarios because of higher
earthquake magnitude in these scenarios. To shed light on
this, if the first scenario occurs, the first area demand for
water will be around 4000 U. If the fifth scenario occurs,
the first area demand for water will be around 19,000 U.
Table 1 shows the capacities of relief commodities,
blood supply, drugs, and emergency tents for each potential
relief base. The fixed cost of each potential relief base and
its capacity for rescue vehicles are seen in Table 2. Table 3
consists of information pertaining to each type of rescue
vehicles. We assume that the operational costs of rescue
vehicles are $100, $200, and $1000. Each package of relief
bases, such as water, food, and shelter, consists of 1000,
1000, and 1 units, respectively. Also the amounts of drugs
type 1 and type 2 in each package are 1000 units.
During both periods, the moving cost is about $100, and
according to Bozorgi-Amiri et al. (2013) and Jabbarzadeh
et al. (2014), Table 4 shows units of transportation and
operational costs for relief commodities, drugs, and blood
supplies. We considered $200 for fixing emergency tents at
each point. In addition, the capacities of emergency tents for
relief drugs and blood are 4 and 7, respectively. The radius
coverage of the emergency tents is 0.5 km and the radius
coverage of relief commodities in relief bases is about 4 km.
The demands for relief commodities, drugs, blood, and res-
cue vehicles for each period are shown in Table 5. In addi-
tion, Table 6 contains admissible time frames for evacuation
operations under each scenario. The two following factors
impact on demands and admissible time frames for each
affected area under each scenario: (1) earthquake intensity
and (2) population of the affected area.
The distance between two points can be calculated by the
following Eq. (170). The latitude and longitude of affected
areas, hospitals, and potential relief bases have been shown
in Table 7. In addition, Table 8 shows the maximum
capacity of each emergency tent for blood and drugs.
dij ¼ 6371:1 arccos½sinðLATiÞ  sinðLATjÞ þ cosðLATiÞ
 cosðLATjÞ  cosðLONGj  LONGiÞ:
ð167Þ
Results
The proposed model was coded in GAMS on a laptop with
Intel Core i2, 2.8 GHz, and 4 GB of RAM. Figure 4
summarizes our numerical example results at a penalty of
$2500 for unsatisfied demand of relief commodities,
$15,000 for blood, $2000 for drugs, and $3000 for the
evacuation operation. The location of selected relief bases
is shown in Fig. 4. According to Fig. 4, selected relief
bases are 2, 4, and 5. Optimal decision variables are pro-
vided in Tables 9, 10, 11, and 12 under each scenario in
each period. Table 9 shows located emergency tents of
each relief base under each scenario in both periods.
Table 4 Unit of transportation,
operation, and inventory cost for
relief commodities, blood, and
drugs
Unit cost ($) Relief commodity Drugs
Water Food Shelter Blood Type 1 Type 2
Transportation 0.6 0.15 1.8 2.3 0.1 0.1
Operation 1000 20,000 400 10,000 1000 1000
Inventory 10 30 10 50 20 20
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Table 5 Demands of affected area under each scenario
S1 S2 S3 S4 S5 S1 S2 S3 S4 S5
Affected area 1 Affected area 6
Period 1 Period 1
Relief commodity Relief commodity
Water 4 10 4 12 19 Water 8 6 8 15 20
Food 8 10 3 10 15 Food 9 10 7 10 15
Shelter 10 8 4 6 15 Shelter 9 9 3 6 16
Blood 0 7 4 8 10 Blood 2 6 6 10 12
Drug Drug
Type 1 10 6 2 4 10 Type 1 13 12 5 11 10
Type 2 12 3 2 5 12 Type 2 10 13 2 10 14
Severe injury 4 8 2 10 15 Severe injury 5 8 3 10 18
Period 2 Period 2
Relief commodity Relief commodity
Water 5 8 6 10 17 Water 7 7 10 12 19
Food 7 9 1 10 15 Food 10 11 5 11 14
Shelter 11 9 3 7 15 Shelter 10 8 4 6 15
Blood 0 3 1 3 9 Blood 3 2 4 10 10
Drug Drug
Type 1 10 7 1 4 8 Type 1 10 12 4 7 10
Type 2 5 3 0 5 10 Type 2 8 11 1 9 12
Severe injury 4 6 2 7 15 Severe injury 5 7 2 9 15
Affected area 2 Affected area 7
Period 1 Period 1
Relief commodity Relief commodity
Water 5 10 9 18 20 Water 6 12 10 15 18
Food 3 4 2 2 9 Food 4 7 3 10 11
Shelter 4 8 2 6 17 Shelter 5 10 3 8 20
Blood 8 10 3 10 12 Blood 6 7 1 4 15
Drug Drug
Type 1 10 9 6 11 15 Type 1 11 3 6 7 14
Type 2 12 10 7 12 13 Type 2 7 10 8 6 16
Severe injury 9 12 7 15 20 Severe injury 10 11 5 10 18
Period 2 Period 2
Relief commodity Relief commodity
Water 6 9 10 17 20 Water 7 13 15 7 15
Food 2 4 1 3 10 Food 2 5 4 10 11
Shelter 5 7 3 9 12 Shelter 1 3 4 5 13
Blood 5 6 4 0 8 Blood 5 0 2 4 12
Drug Drug
Type 1 11 4 1 10 10 Type 1 10 2 6 5 14
Type 2 11 9 5 11 10 Type 2 6 9 6 2 10
Severe injury 8 6 6 15 19 Severe injury 9 9 4 10 16
Affected area 3 Affected area 8
Period 1 Period 1
Relief commodity Relief commodity
Water 12 10 17 8 21 Water 13 15 16 9 22
Food 8 8 5 7 15 Food 9 10 6 6 14
Shelter 4 9 10 5 10 Shelter 10 12 10 11 15
Blood 10 9 7 9 14 Blood 11 10 3 5 8
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Table 5 continued
S1 S2 S3 S4 S5 S1 S2 S3 S4 S5
Drug Drug
Type 1 10 11 0 4 8 Type 1 8 8 0 8 9
Type 2 13 12 5 7 9 Type 2 11 10 5 6 11
Severe injury 4 8 8 14 15 Severe injury 10 8 7 10 10
Period 2 Period 2
Relief commodity Relief commodity
Water 10 9 18 7 20 Water 14 17 10 5 12
Food 7 5 6 6 15 Food 8 10 4 7 13
Shelter 4 6 11 4 13 Shelter 14 11 3 9 10
Blood 9 8 7 3 12 Blood 0 8 0 6 8
Drug Drug
Type 1 9 9 1 2 6 Type 1 4 9 1 5 9
Type 2 11 10 0 2 5 Type 2 10 9 4 3 10
Severe injury 5 9 6 10 15 Severe injury 9 8 6 8 9
Affected area 4 Affected area 9
Period 1 Period 1
Relief commodity Relief commodity
Water 12 10 13 7 22 Water 13 12 16 9 22
Food 7 6 5 7 13 Food 7 11 5 8 15
Shelter 4 4 11 4 10 Shelter 13 12 5 10 10
Blood 6 9 7 8 12 Blood 8 9 3 11 5
Drug Drug
Type 1 6 5 6 11 16 Type 1 10 4 2 10 11
Type 2 3 5 5 12 15 Type 2 11 8 7 8 12
Severe injury 12 14 10 10 19 Severe injury 13 14 8 11 20
Period 2 Period 2
Relief commodity Relief commodity
Water 12 9 7 15 20 Water 14 11 4 17 21
Food 10 6 3 7 20 Food 9 7 5 6 17
Shelter 12 14 7 10 11 Shelter 11 12 10 14 12
Blood 3 1 2 4 8 Blood 6 11 2 10 4
Drug Drug
Type 1 5 2 6 11 10 Type 1 9 4 0 9 12
Type 2 0 6 4 11 9 Type 2 10 7 5 9 10
Severe injury 10 12 7 10 18 Severe injury 8 6 7 10 20
Affected area 5 Affected area 10
Period 1 Period 1
Relief commodity Relief commodity
Water 17 15 18 13 27 Water 19 27 8 5 30
Food 5 11 7 15 15 Food 10 12 8 17 18
Shelter 10 6 4 10 10 Shelter 11 10 9 12 11
Blood 0 3 2 0 6 Blood 3 0 3 5 6
Drug Drug
Type 1 9 7 4 10 17 Type 1 4 3 3 4 10
Type 2 10 7 0 1 10 Type 2 10 9 2 6 9
Severe injury 12 12 9 16 21 Severe injury 8 10 3 7 10
134 J Ind Eng Int (2017) 13:117–141
123
Because of decreasing demands in the second period, no
new emergency tents will be placed in the second period
and the proposed model illustrates that some of the emer-
gency tents from the first period will be moved to new
locations during the second period. Table 10 shows allo-
cated demand points to emergency tents under each sce-
nario in the first period. This table also demonstrates that
more than one emergency may be satisfied at one demand
point. In addition, Table 11 demonstrates allocated relief
bases to each affected area to satisfy demand of relief
commodities, such as water, food, and shelter under each
scenario and in each period. Table 11 explains that one
affected area may be satisfied by more than one relief base.
According to our results, shortages happen under scenario
5 for water and shelter. Table 11 shows these shortages in a
different color. We should say again that because of
decreases in demands in the second period, less shortages
will occur.
To put all of this into perspective, virtually 140 thousand
packages of water are distributed along with 90 thousand
packages of food and about 100 packages of shelter. The
total cost of the first and second stages of the proposed
model for this solution is 3.678 million dollars.
To explore the effects of various problem parameters,
the example problem is accompanied by sensitivity
analysis experiments and corresponding managerial
insights that can guide DMs under a variety of
conditions.
Table 5 continued
S1 S2 S3 S4 S5 S1 S2 S3 S4 S5
Period 2 Period 2
Relief commodity Relief commodity
Water 14 15 19 10 25 Water 19 4 10 5 28
Food 16 8 10 10 6 Food 6 10 9 18 17
Shelter 9 4 4 8 11 Shelter 10 9 8 10 11
Blood 1 0 3 9 11 Blood 4 2 3 4 5
Drug Drug
Type 1 5 3 0 4 7 Type 1 10 8 4 6 11
Type 2 6 4 0 1 7 Type 2 2 0 2 4 5
Severe injury 10 9 8 15 16 Severe injury 8 9 3 6 8
Table 8 Capacity of each emergency tent for blood and drugs
Blood Drugs
Type 1 Type2
Emergency tent 7 8 8
Table 6 Admissible time for evacuating operation under each
scenario
Affected area
1 2 3 4 5 6 7 8 9 10
S1 0.5 1 0.7 0.6 0.5 1 0.4 0.7 0.5 1
S2 0.3 0.6 0.6 0.7 0.3 0.6 0.5 0.8 0.6 0.8
S3 1 1.2 2 0.9 0.5 0.7 0.4 1 1.1 0.7
S4 0.4 0.7 0.9 2 0.4 0.4 0.8 0.5 07 1
S5 0.3 0.2 0.2 0.1 0.3 0.4 0.4 0.3 0.6 0.2
Table 7 Latitude and longitude of affected areas, hospitals, and
potential relief bases
Points Latitude Longitude
Affected area 1 35.810363 51.422087
Affected area 2 35.794213 51.433588
Affected area 3 35.815931 51.442772
Affected area 4 35.797554 51.451183
Affected area 5 35.804725 51.461569
Affected area 6 35.815444 51.475559
Affected area 7 35.809736 51.483198
Affected area 8 35.799782 51.483971
Affected area 9 35.805699 51.509806
Affected area 10 35.791915 51.504484
Hospital 1 35.800687 51.414276
Hospital 2 35.807648 51.432644
Hospital 3 35.816349 51.494700
Relief base 1 35.808483 51.414105
Relief base 2 35.803820 51.445776
Relief base 3 35.793795 51.454273
Relief base 4 35.807509 51.469208
Relief base 5 35.801731 51.506029
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Figure 5 and Table 12 represent the sensitivity analysis
of relief bases’ capacities for relief commodities, such as
water, food, and shelter. For capacity values equal or lower
than 10 for each relief commodity, the solution will be
infeasible. By increasing the capacity of relief bases for
each relief commodity at the beginning, the objective
Fig. 4 Selected relief bases
Table 9 Located emergency tents of each relief base under each scenario in both periods
S1 S2 S3 S4 S5
P1 P2 P1 P2 P1 P2 P1 P2 P1 P2
Relief base
2
1, 2, 3, 4, 5, 6 2, 3, 4, 5 1, 2, 3, 4,
5
3, 4, 5 1, 2, 3,
4




1, 2, 3, 4, 5, 6, 7, 8 2, 4, 5, 6, 8
Relief base
4
1, 2, 3, 4, 5, 6,
7
1, 2, 3, 5,
7








1, 2, 3, 4, 5 1, 2, 4,
5
1, 2, 3, 4, 5, 6, 7, 8,
9




1, 2, 3, 4 1, 2, 3 1, 2, 3 2 1, 2 1, 2 1, 2, 3 1, 2 1, 2, 3, 4, 5,6 1, 3, 4
Table 10 Allocated demand
points to emergency tents n
from relief base j (n, j) under
each scenario in the first period
S1 S2 S3 S4 S5
Affected area 1 12, 22, 32 32, 35 12 12, 32 82, 32
Affected area 2 22, 32, 52 12, 22, 32 22, 32 22, 32 32, 42, 62
Affected area 3 42, 52 34, 52 32, 42 42, 52, 62 12, 14
Affected area 4 62, 14, 44 54, 55 44 12, 44, 62 22, 52, 72, 82
Affected area 5 24, 44 55, 35, 32 34, 44 54, 44 82, 24, 34
Affected area 6 44, 74, 15 44, 45 14 14, 24, 34 54, 15
Affected area 7 54, 64, 15 15, 14 14, 24 14, 24 64, 94, 25
Affected area 8 45 24, 12 25 15, 34 45, 55, 65
Affected area 9 35, 64 15, 35, 25 15, 25 15, 25, 35 25, 35
Affected area 10 25, 73 35, 25 15 25 74, 65, 66
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function starts decreasing exponentially because of
decreases in unsatisfied demand. However, after this turn-
ing point, the objective function starts growing because of
increases in operational and inventory costs.
Increases in relief bases’ capacity are more than a spe-
cial quantity for each commodity that does not create
change in the robust model’s objective function. For
example, relief bases’ capacity of shelters with more than
240 packages does not improve the objective function. In
fact, relief bases with a capacity of more than 240 shelters
apply as bigM, since this parameter is located in right-hand
side of constraints.
The based proposed flowchart in Fig. 2 and the Monte
Carlo simulation relief bases and pathways may be down
during an earthquake. In the first scenario, two pathways
will be disrupted, but all of located relief bases survive
during disaster. In the second scenario, located relief
base 2 and three pathways will be disrupted. In the third
scenario, located relief base 4 will be disrupted. Finally, in
the last scenario, four pathways and located relief base 5
will be disrupted. The values of the objective functions for
four scenarios are seen in Table 13. As it stated before,
these values go into the p-robust model as PRe parameters.
According to the following table and our data in above
tables, the p-robust model’s objective function is
$3,912,000.
To evaluate both the p-robust and robust models, two
performance measures are used: the mean and standard
deviation of objective function under random realizations.
In addition, we vary the p-robust parameter between [0 1]
and calculate the mean and standard deviation for p-robust
and robust models. The results show that p-robust model
gained the solutions with both higher quality and lower
standard deviation than the robust model for fixed, moving,
operational, transportation, and inventory costs.
Actually, in all problems, the p-robust approach domi-
nates the robust model with respect to the mean of cost
Table 11 Allocated relief bases to each affected area to satisfy
demand of relief commodities, such as water, food, and shelter under
each scenario
S1 S2 S3 S4 S5
P1 P2 P1 P2 P1 P2 P1 P2 P1 P2
Affected area 1
Water 2 2 2 2 2 2 2 2 2 2
Food 2 2 2 2 2 2 2 2 2,4 2
Shelter 2 2 2 2 2 2 2 2 2 2
Affected area 2
Water 2 2 2 2 2 2 2 2 2,4 2
Food 2 2 2 2 2 2 2 2 2 2
Shelter 2 2 2 2 2 2 2 2 2 2
Affected area 3
Water 2 2 2 2 2 2 2 2 2 2
Food 2 2 2 2 2 2 2 2 2 2
Shelter 2 2 2 2 2 2 2 2 2 2
Affected area 4
Water 2 2 2 2 2 2 2 2 5 5
Food 2 2 2 2 2 2 2 2 2 2
Shelter 2 2 2 2 2 2 2 2 2 2
Affected area 5
Water 4 4 4 4 4 4 4 4 5 5
Food 4 4 4 4 4 4 4 4 2,4 4
Shelter 4 4 4 4 4 4 4 4 4 4
Affected area 6
Water 4 4 4 4 4 4 4 4 4 4
Food 4 4 4 4 4 4 4 4 4 4
Shelter 4 4 4 4 4 4 4 4 4 4
Affected area 7
Water 4 4 4 4 4 4 4,5 4 4 4
Food 4 4 4 4 4 4 4 4 4 4
Shelter 4 4 4 4 4 4 4 4 4 4
Affected area 8
Water 4 4 4 4 4,5 4 4 4 4,5 4
Food 4 4 4 4 4 4 4 4 4,5 4
Shelter 4 4 4 4 4 4 4 4 4,5 4
Affected area 9
Water 5 5 5 5 5 5 5 5 5 5
Food 5 5 5 5 5 5 5 5 5 5
Shelter 5 5 5 5 5 5 5 5 5 5
Affected area 10
Water 5 5 5 5 5 5 5 5 5 5
Food 5 5 5 5 5 5 5 5 5 5
Shelter 5 5 5 5 5 5 4 5 5 5
Table 12 Impact of relief bases capacity of relief commodities on
objective function of the robust model
C (s) Water Food Shelter
10 4,583,000 4,453,000 3,933,000
40 4,103,000 4,032,000 3,871,000
80 4,084,000 3,598,000 3,796,000
100 3,832,000 3,492,000 3,714,000
130 3,691,000 3,105,000 3,759,000
145 3,678,000 3,082,000 3,761,000
155 3,640,000 3,461,000 3,783,000
175 3,611,000 3,892,000 3,812,000
185 3,537,000 3,921,000 3,851,000
200 3,692,000 4,185,000 3,900,000
215 3,755,000 4,427,000 3,900,000
225 4,021,000 5,131,000 3,916,000
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objective function value and its standard deviation. These
results are seen in Table 14. The results imply that the
p-robust strategy has a better performance in low values for
p-robust parameters. As shown in Table 14, when the p-ro-
bust parameter increases, the mean of the objective function
of the p-robust model is closer to the objective in the robust
model. In addition, we should mention that because of the
simulation’s nature in three cases, the robust objective
function is better than the p-robust objective function. These
cases are shown by a different color. Briefly, this table shows
that the p-robust model decreases standard deviation in
comparison with the robust model; similarly, it decreases the
objective function of the proposedmodel. This is because the
p-robust model considers each scenario with its possibility.
Fig. 5 Impact of relief bases
capacity of relief commodities
on objective function of the
robust model
Table 13 Values of objective







Table 14 Summary of test results of second objective function value and its standard deviation of both models
Problem size |I|*|J|*|Q|*|Z|*|L|*|T|*|S| p-robust parameter (p0) Mean of objective function values
under realizations
Standard deviation of objective
function values under realizations
Robust p-robust Robust p-robust
3*3*1*1*1*2*5 0.0 649,000 590,000 20,000 2300
0.4 618,000 583,000 42,000 1900
0.8 601,000 648,000 53,000 800
1.0 589,000 604,000 38,000 2100
5*7*1*2*2*2*5 0.0 1,405,000 1,023,000 97,000 2700
0.4 1,226,000 974,000 72,000 1900
0.8 1,090,000 1,030,000 109,000 800
1.0 1,086,000 1,078,000 125,000 5800
5*10*3*2*3*2*5 0.0 3,802,000 3,682,000 212,000 11,000
0.4 3,773,000 3,714,000 145,000 9700
0.8 3,747,000 3,693,000 274,000 2300
1.0 3,693,000 3,707,000 285,000 7700
10*22*3*2*3*2*5 0.0 6,328,000 6,120,000 389,200 19,100
0.4 6,216,000 5,947,000 257,000 5300
0.8 6,085,000 6,072,000 430,000 59,000
1.0 5,997,000 6,109,000 378,000 14,200
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Todetermine the sensitivityof thep-robustmodel’s objective
function value to variations in the p-robust parameter, a sensi-
tivity analysis experiment is performed. Figure 6 shows sensi-
tivity of the proposed model’s objective functions to variations
in the p-robust parameter. Based on the proposed model with
increases in the p-robust parameter, feasible region does not
decrease. Therefore, we accept the increases of the mentioned
parameter as it does not worsen our objective function.
Conclusion and future research
Humanitarian logistics during disasters requires the con-
sideration of numerous factors of which many are associ-
ated with a high range of uncertainty. Decision-making
with uncertainties is a situation in which all disaster man-
agers are met. Often, these decisions must be completed in
the shortest possible time frames to ensure minimum
casualties and financial losses. In this study, we used robust
optimization approaches in resource allocation which can
be a useful planning tool with the ability to deal with
uncertainties in the environment.
In this paper, we proposed a dynamic robust model to
optimize the humanitarian logistics network in the pre-
paredness and response phases. Due to unforeseen events
in the real world, scenario-based models are an intriguing
subject for global and local organizations. Scenario-based
models provide useful insight about a disaster aftermath
and consider proper response requirements for urban areas.
Our model contains two stages: the first stage determines
the location and the number of relief bases, and the second
stage determines the amount of transportation among relief
bases to emergency tents, affected areas, and hospitals. The
proposed model minimizes expected total costs, cost vari-
ability, and expected penalty for infeasible solutions due to
uncertain parameters. In addition, we presented a p-robust
model to consider possible disruptions by the disaster
among located relief bases and pathways using the Monte
Carlo simulation and the p-robust approach. Our results
show that the proposed model assists DMs and organiza-
tions to improve both humanitarian and financial goals in
the real world.
In conclusion, because like other studies, our paper is not
without any deficiency, we offer the following suggestions
for future researches: (1) consider more than one objective
function, such as maximizing availability, reliability, and
coverage; (2) propose new solution technique which can be
one of the research areas in the future to manage humani-
tarian logistics network during the disaster; (3) use multi-
level programing to bring up foreign organizations’ help as
followers; and finally, (4) consider political constraints
during the disaster if victims decline their right to assistance.
Acknowledgments The authors are grateful to the two reviewers and
the Editor-in-Chief for helpful comments and suggestions. The
authors also wish to thank Ms. Carolyn Hasson for assisting to
improve the English of the paper.
Open Access This article is distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://crea
tivecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided you give
appropriate credit to the original author(s) and the source, provide a


























Fig. 6 Sensitivity of the
proposed model to variations in
robust parameter
J Ind Eng Int (2017) 13:117–141 139
123
References
Afshar A, Haghani A (2012) Modeling integrated supply chain
logistics in real-time large-scale disaster relief operations. Soc
Econ Plan Sci 46(4):327–338
Ahmadi M, Seifi A, Tootooni B (2015) A humanitarian logistics
model for disaster relief operation considering network failure
and standard relief time: a case study on San Francisco district.
Transp Res Part E 75:145–163
Altay N, Green WG (2006) OR/MS Research in Disaster Operations
Management. Eur J Oper Res 175(1):475–493
Barbarosog˘lu G, Arda Y (2004) A two-stage stochastic programming
framework for transportation planning in disaster response.
J Oper Res Soc 55(1):43–53
Barbarosog˘lu G, O¨zdamar L, Cevik A (2002) An interactive approach
for hierarchical analysis of helicopter logistics in disaster relief
operations. Eur J Oper Res 140(1):118–133
Barzinpour F, Esmaeili V (2014a) A multi-objective relief chain
location distribution model for urban disaster management. Int J
Adv Manuf Technol 70(5–8):1291–1302
Barzinpour F, Esmaeili V (2014b) A multi-objective relief chain
location distribution model for urban disaster management. Int J
Adv Manuf Technol 70(5–8):1291–1302
Bozorgi-Amiri A, Jabalameli MS, Mirzapour Al-e-Hashem SMJ
(2013) A multi-objective robust stochastic programming model
for disaster relief logistics under uncertainty. OR Spectr
35(4):905–933
Caunhye AM, Nie X, Pokharel S (2012) Optimization models in
emergency logistics: a literature review. Soc Econ Plan Sci
46(1):4–13
Christopher M, Tatham P (2014) Humanitarian logistics: meeting the
challenge of preparing for and responding to disasters. Kogan
Page Publishers, London
Cozzolino A (2012) Humanitarian logistics and supply chain
management. Humanitarian logistics. Springer, New York,
pp 5–16
Fiedrich F, Gehbauer F, Rickers U (2000) Optimized resource
allocation for emergency response after earthquake disasters. Saf
Sci 35(1):41–57
Guha-Sapir D, Hoyois Ph, Below R (2014) Annual disaster statistical
review 2013: the numbers and trends. CRED, Brussels
Gutierrez GJ, Kouvelis P (1995) A robustness approach to interna-
tional sourcing. Ann Oper Res 59(1):165–193
Gutie´rrez GJ, Kouvelis P, Kurawarwala AA (1996) A robustness
approach to uncapacitated network design problems. Eur J Oper
Res 94(2):362–376
Jabbarzadeh A, Fahimnia B, Seuring S (2014) Dynamic supply chain
network design for the supply of blood in disasters: a robust
model with real world application. Transp Res Part E
70:225–244
Jahre M, Persson G, Kova´cs G, Spens KM (2007) Humanitarian
logistics in disaster relief operations. Int J Phys Distrib Logist
Manag 37(2):99–114
Jotshi A, Gong Q, Batta R (2009) Dispatching and routing of
emergency vehicles in disaster mitigation using data fusion. Soc
Econ Plan Sci 43(1):1–24
Knott R (1987) The logistics of bulk relief supplies. Disasters
11(2):113–115
Knott RP (1988) Vehicle scheduling for emergency relief manage-
ment: a knowledge-based approach. Disasters 12(4):285–293
Kouvelis P, Kurawarwala AA, Gutierrez GJ (1992) Algorithms for
robust single and multiple period layout planning for manufac-
turing systems. Eur J Oper Res 63(2):287–303
Kress M (2016) Humanitarian Logistics. Operational logistics.
Springer, New York, pp 137–144
Lin YH (2010) Delivery of critical items in a disaster relief operation:
centralized and distributed supply strategies. State University of
New York, Buffalo
Lin Y-H, Batta R, Rogerson PA, Blatt A, Flanigan M (2011) A
logistics model for emergency supply of critical items in the
aftermath of a disaster. Soc Econ Plan Sci 45(4):132–145
Ma X, Song Y, Huang J (2010) Min–max robust optimization for the
wounded transfer problem in large-scale emergencies. In:
Control and Decision Conference (CCDC), Chinese. IEEE,
pp 901–904
Mete HO, Zabinsky ZB (2010) Stochastic optimization of medical
supply location and distribution in disaster management. Int J
Prod Econ 126(1):76–84
Mulvey JM, Vanderbei RJ, Zenios SA (1995) Robust optimization of
large-scale systems. Oper Res 43(2):264–281
Najafi M, Eshghi K, Dullaert W (2013) A multi-objective robust
optimization model for logistics planning in the earthquake
response phase. Transp Res Part E 49(1):217–249
Nateghi-A F (2001) Earthquake scenario for the mega-city of Tehran.
Disaster Prev Manag 10(2):95–100
Nolz PC, Semet F, Doerner KF (2011) Risk approaches for delivering
disaster relief supplies. OR Spectr 33(3):543–569
Oloruntoba R, Gray R (2006) Humanitarian aid: an agile supply
chain? Supply Chain Manag 11(2):115–120
Ozdamar L (2011) Planning helicopter logistics in disaster relief. OR
Spectr 33(3):655–672
O¨zdamar L, Demir O (2012) A hierarchical clustering and routing
procedure for large scale disaster relief logistics planning.
Transp Res Part E 48(3):591–602
O¨zdamar L, Ertem MA (2015) Models, solutions and enabling
technologies in humanitarian logistics. Eur J Oper Res
244(1):55–65
O¨zdamar L, Ekinci E, Ku¨c¸u¨kyazici B (2004) Emergency logistics
planning in natural disasters. Ann Oper Res 129(1–4):
217–245
Rawls CG, Turnquist MA (2010) Pre-positioning of emergency
supplies for disaster response. Transp Res Part B 44(4):521–534
Rezaei-Malek M, Tavakkoli-Moghaddam R, Zahiri B, Bozorgi-Amiri
A (2016) An interactive approach for designing a robust disaster
relief logistics network with perishable commodities. Comput
Ind Eng 94:201–215
Sabzehchian M et al (2006) Pediatric trauma at tertiary-level hospitals
in the aftermath of the bam, iran earthquake. Prehospital Disaster
Med 21(05):336–339
Salmero´n J, Apte A (2010) Stochastic optimization for natural
disaster asset prepositioning. Prod Oper Manag 19(5):561–574
Shrivastava P, Mitroff II, Miller D, Miclani A (1988) Understanding
Industrial Crises [1]. J Manage Stud 25(4):285–303
Snyder LV, Daskin MS (2006) Stochastic p-robust location problems.
IIE Trans 38(11):971–985
Tofighi S, Torabi SA, Mansouri SA (2016) Humanitarian logistics
network design under mixed uncertainty. Eur J Oper Res
250(1):239–250
Tzeng G-H, Cheng H-J, Huang TD (2007) Multi-objective optimal
planning for designing relief delivery systems. Transp Res Part E
43(6):673–686
Walton R, Mays R, Haselkorn M (2011) Defining ‘fast’: factors
affecting the experience of speed in humanitarian logistics
Wassenhove V (2006) Blackett memorial lecture humanitarian aid
logistics: supply chain management in high gear. Retrieved June
13 2010
140 J Ind Eng Int (2017) 13:117–141
123
Yi W, Kumar A (2007) Ant colony optimization for disaster relief
operations. Transp Res Part E 43(6):660–672
Yi W, O¨zdamar L (2007) A dynamic logistics coordination model for
evacuation and support in disaster response activities. Eur J Oper
Res 179(3):1177–1193
Zhan S, Liu N (2011) A multi-objective stochastic programming
model for emergency logistics based on goal programming. In:
Computational Sciences and Optimization (CSO), Fourth Inter-
national Joint Conference on. IEEE, pp 640–644
J Ind Eng Int (2017) 13:117–141 141
123
